I.. Introduction {#sec1}
================

Stroke is a leading cause of severe long-term disability. In the US alone, nearly 800,000 people suffer a stroke each year [@ref1]. The number of individuals who suffer a stroke each year is expected to rise in the coming years because the prevalence of stroke increases with age and the world population is aging [@ref2]. Approximately 85% of individuals who have a stroke survive, but they often experience significant motor impairments. Upper-limb paresis is the most common impairment following a stroke. It affects 75% of stroke survivors and leads to limitations in the performance of Activities of Daily Living (ADL) [@ref4].

Inability to use the stroke-affected upper limb for ADL often leads to a phenomenon that is referred to as *learned non-use* [@ref5]. As patients rely more and more on the unaffected (or less impaired) upper limb [@ref5] they progressively lose motor abilities of the stroke-affected upper limb that they may have recovered as a result of a rehabilitation intervention [@ref6].

A high dosage of motor practice using the stroke-affected upper limb during the performance of ADL, despite considerable difficulty, stimulates neuroplasticity and motor function recovery [@ref7]--[@ref8][@ref9]. Thus, it is clinically important to encourage stroke survivors to continue making appropriate use of the affected upper limb [@ref10]--[@ref11][@ref12][@ref13], in addition to engaging in rehabilitation exercises that focus on range-of-motion and functional abilities [@ref14]--[@ref15][@ref16].

The use of wearable sensors has recently emerged as an efficient way to monitor the amount of upper-limb use after a stroke [@ref17]--[@ref18][@ref19][@ref20][@ref21][@ref22]. However, despite growing evidence of the clinical potential of these devices [@ref23], their widespread clinical deployment has been hindered by technical limitations. A shortcoming of currently available wrist-worn devices is that they cannot distinguish between Goal-Directed (GD) movements (i.e., movements performed for a specific purposeful task) and non-Goal-Directed (non-GD) movements (e.g., the arm swinging during gait). Instead, these sensors focus on recording the number and/or intensity of any type of arm movements [@ref10]. Consequently, non-GD movements are reflected as part of the measurements with equal importance as GD movements. This results in an overestimation of the amount of actual arm use [@ref24]. Furthermore, monitoring the aggregate number of stroke-affected upper limb movements is not sufficient for the purpose of providing timely feedback to encourage the use of the affected limb during the performance of ADL. To promote the use of the stroke-affected limb, it is critical that feedback reflects the relative use of the affected upper limb compared to the contralateral one.

Wrist-worn movement sensors have also been applied to monitoring rehabilitation exercises in the home setting [@ref25]--[@ref26][@ref27][@ref28]. However, existing systems primarily focus on quantifying the dosage/intensity of the exercises (e.g., the duration of the exercises and the number of movement repetitions) and do not monitor if the quality of the performed exercise is appropriate. Ensuring good quality of movement during the performance of rehabilitation exercises is critical for maximizing functional recovery after a stroke [@ref29]. Moreover, providing customized feedback regarding the quality of exercise movements can increase motivation, promote long-term adherence to a prescribed exercise regimen, and ultimately maximize clinical outcomes [@ref30]. One of the reasons for limited exercise participation by stroke survivors is the lack of access to resources to support exercise including performance feedback from rehabilitation specialists [@ref31]. There are no technical solutions that provide feedback regarding the quality of exercise performance for upper-limb rehabilitation after stroke.

We propose a system for aiding in functional recovery after a stroke that consists of two wearable sensors, one worn on the stroke-affected upper limb and the other on the contralateral upper limb [@ref32] ([Fig. 1](#fig1){ref-type="fig"}). The proposed system can be used to provide timely feedback when ADL are performed. If the system detects that the patient consistently performs GD movements with the unaffected upper limb, and rarely uses the stroke-affected upper limb, then a visual or vibrotactile reminder can be triggered to encourage the patient to attempt GD movements with the stroke-affected limb. A benefit of this approach is that if a movement is critical (e.g., signing a check), patients can use the unaffected upper limb without receiving negative feedback as long as they have performed a sufficient number of movements with the affected upper limb throughout the day. Furthermore, the system promotes high-dosage motor practice with appropriate feedback to extend components of rehabilitation interventions into the home environment. FIGURE 1.A conceptual representation of the wrist-worn sensor system for home-based upper-limb rehabilitation. The system consists of two wearable sensors, a tablet computer to be used by patients at home, and a backend web-service for clinician and caregiver data access.

This paper is focused on the development of algorithms that form the foundation of the proposed system. These algorithms detect GD movements during ADL, and determine appropriate feedback during in-home rehabilitation exercise. This feedback is designed to be similar to how therapists would provide feedback to improve the quality of upper-limb movements during in-clinic exercise. The proposed algorithms extend previous work in which we showed that inertial data (e.g., acceleration and rotational velocity) recorded during the performance of a battery of functional motor tasks using sensors positioned on the upper body can be used to derive clinically-meaningful indicators of functional level and the severity of motor impairments [@ref32]--[@ref33][@ref34][@ref35]. In addition, this paper presents an evaluation of the appropriateness of the envisioned technological approach for the intended audience, including both stroke survivors and occupational therapists. This evaluation was carried out using an anonymous survey obtained from focus groups. The survey consisted of questions concerning whether clinicians would be interested in integrating the proposed system in their clinical practice and whether patients would be willing to adopt the proposed technology.

II.. Materials and Methods {#sec2}
==========================

A.. Data Collection {#sec2a}
-------------------

We recruited 20 stroke survivors (54.4 ± 10.1 years old; average and standard deviation) and 10 aged-matched control subjects (53.8 ± 11.4 years old). Stroke survivors were recruited from Spaulding Rehabilitation Hospital (SRH) inpatient and outpatient units. Stroke survivors had chronicity of 4.6 ± 5.5 years and showed mild-to-moderate upper-limb motor impairments as evaluated using the upper-limb Fugl-Meyer Assessment (FMA) (patients' scores were 37.0 ± 8.0 out of 66 points) [@ref36]. All subjects provided written informed consent. The SRH Institutional Review Board (IRB) approved the experimental procedures.

When study participants arrived at the laboratory they were instrumented with six-axis inertial measurement units (three-axis accelerometer and gyroscope; Shimmer Research, Ireland) bilaterally on the wrist. Stroke survivors were first asked to perform motor tasks associated with the FMA for the evaluation of their upper-limb motor impairments. Then, both stroke survivors and control participants performed a battery of motor tasks resembling different types of ADL and rehabilitation exercises that could be performed independently at home, as summarized in [Tables 1](#table1){ref-type="table"} and [2](#table2){ref-type="table"}, respectively. All motor tasks, except for the passive movements listed in [Table 1](#table1){ref-type="table"}, were performed while sitting in an armless chair in front of a table. Stroke survivors performed a subset of these motor tasks and exercises (i.e., a minimum of eight or more motor tasks and five exercises) that were carefully chosen by a therapist considering the subject's motor abilities. Age-matched healthy controls performed the complete set of motor tasks and exercises. Each motor task and exercise was repeated three to five times, depending on the patient's functional capability, in order to capture intra-subject variability in the movement patterns. All tasks were scripted and timed by a therapist. The sensor data were wirelessly streamed to a base-station (i.e., laptop) via Bluetooth at a sampling rate of 256 Hz throughout the entire experiment. A technician marked the beginning and the end of each repetition with a digital marker. The laboratory session was videotaped. Video recordings and sensor data were time-synchronized for offline analysis.TABLE 1Upper-Limb Motor Tasks that Resembled Different Types of Activities of Daily LivingADL TypeTasksUnimanual (affected limb)•Drinking from a can[^1^](#table1-fn1){ref-type="table-fn"}•Turning a key in a lock[^1^](#table1-fn1){ref-type="table-fn"}•Brushing hair[^2^](#table1-fn2){ref-type="table-fn"}Bimanual•Pick up a pen from a tabletop, remove the cap, and place it back•Pick up a box on a table and bring it to the knees[^3^](#table1-fn3){ref-type="table-fn"}•Folding a hand towel[^1^](#table1-fn1){ref-type="table-fn"}Stabilization (with affected limb)•Stabilize a bottle while opening it[^4^](#table1-fn4){ref-type="table-fn"}•Hold a plastic container while removing the lid[^5^](#table1-fn5){ref-type="table-fn"}•Cutting a piece of meat in half using cutlery[^6^](#table1-fn6){ref-type="table-fn"}Passive•Walking•Stand-to-sit transitions without using arm for bracing•Ascending and descending stairs[^1][^2][^3][^4][^5][^6]TABLE 2Upper-Limb Rehabilitation Exercises that are Typical of Home-Based InterventionsExercise TypeTasksStrength•Arm raise in the sagittal and coronal planes•Elbow flexion/extension with weights•Forearm pro-supination with weights•Wrist flexion/extension with weights•Thera-band pullsRange of Motion•Bring the affected hand to the contralateral ear•Supine arm raises (towards ceiling)•Elbow flexion/extension•Forearm pro-supination•Wrist flexion/extensionFunctional•Flip a patty with a spatula•Reach for objects on a shelve[^1^](#table2-fn1){ref-type="table-fn"}•Whisk material in a pot[^2^](#table2-fn2){ref-type="table-fn"}•Scratching the back[^3^](#table2-fn3){ref-type="table-fn"}•Turn the pages of a magazine[^4^](#table2-fn4){ref-type="table-fn"}[^7][^8][^9][^10]

B.. Data Annotation and Labeling {#sec2b}
--------------------------------

### 1). Gd Vs. Non-Gd Movements {#sec2b1}

Data collected from the unaffected upper limb of stroke survivors and both limbs of control subjects were categorized as associated with either GD or non-GD movements by visual inspection of the time-synchronized video files. The performance of FMA tasks, non-passive ADL-related movements, and upper-limb exercises involving the target limbs were labeled as GD. All other passive movements, such as arm swing during gait, resting, and miscellaneous hand gestures during talking, were labeled as non-GD.

### 2). Performance of Rehabilitation Exercises {#sec2b2}

An experienced therapist reviewed the video recordings collected during the performance of rehabilitation exercises. The therapist provided feedback regarding the quality of the performed exercises with particular emphasis on accuracy and presence of compensatory movements. The inertial data collected during the performance of the rehabilitation exercises was labeled *Feedback* (if the quality of movement was not adequate) or *No Feedback* (if the movement quality was adequate) according the therapist's opinion. In other words, the data was labeled according to how patients would have been provided with feedback based on the observed quality of movement in a regular rehabilitation session. The data was further annotated using binary labels reflecting the type of feedback generated by the therapist (i.e., *Accuracy* and/or *Compensatory Movement*). The exercise movements performed by the age-matched controls were also reviewed to make sure that they were performed appropriately. The sensor data collected from control subjects was labeled as *Control*.

C.. Stakeholder Survey {#sec2c}
----------------------

A total of 17 chronic stroke survivors and 13 occupational therapists (4 practicing in the inpatient unit and 9 in the outpatient unit at SRH) volunteered to provide feedback regarding the clinical appropriateness of the proposed system and their willingness to use it for home-based rehabilitation. Stroke survivors were recruited via the SRH Stroke Support Group. Therapists were recruited by word of mouth. All sessions were held at SRH and lasted about 60 minutes.

The stroke survivors and the therapists participated in separate focus-group sessions. During each session, participants were provided with an overview of the proposed system via a PowerPoint presentation and demonstration of a *looks-like* prototype of the sensors. Research staff addressed questions that were raised during the demonstration. Then, participants were asked to fill out an anonymous questionnaire regarding the system's appropriateness for home-based rehabilitation.

Stroke survivors were asked questions about their willingness to use the system, if the system would be beneficial to them, if they would use the system when recommended by a therapist, if they liked the idea of receiving messages throughout the day to remind them to use their stroke-affected upper limb, and their preference for the reminder/feedback mechanism (visual, vibration, sound, or a combination of vibration and sound).

Therapists were asked if they would be willing to use the proposed system in their clinical practice, if they believed the proposed system would encourage patients to perform home-based exercises, if they would want to receive email alerts summarizing their patients' activity and stroke-affected upper limb use, and if they would want patients to receive reminders throughout the day to encourage the use of their stroke-affected upper limb.

Furthermore, both groups were presented with eight different types of wristband that provided different donning/doffing mechanisms for self-application of the sensor, which is particularly important for stroke survivors with limited upper-limb functional abilities. Stakeholders' feedback was gathered with the objective of identifying a wristband mechanism that would maximize the usability and long-term adherence to the technology. The tested wristbands included 1) the FitBit Flex, 2) a generic slap bracelet, 3) the Polar Loop, 4) the Moov Now, 5) the Jawbone UP, 6) the Apple Milanese Loop, 7) the Pebble Time Steel, and 8) a generic Velcro wrist band ([Fig. 2](#fig2){ref-type="fig"}). Participants were asked to try all wristbands and wear them tightly on their contralateral wrist, and identify the ones that they could don/doff with minimal effort. FIGURE 2.Eight off-the-shelf wristbands presented to the stakeholders that provide different donning/doffing mechanisms, e.g., a regular watch bracelet, elastic bracelet, and slap bracelet. Participants were asked to try all wristbands and identify the ones that they could don/doff with minimal effort.

D.. Data Analysis {#sec2d}
-----------------

### 1). Detection of Gd Movements {#sec2d1}

[Fig. 3a](#fig3){ref-type="fig"} shows a schematic representation of the data analysis pipeline that we designed to categorize movements as GD or non-GD, with the eventual goal of triggering feedback to motivate stroke survivors to use their affected limb. FIGURE 3.Data analysis pipeline for a) detecting GD vs. non-GD movements during the performance of ADL and b) generating appropriate feedback during the performance of rehabilitation exercises to be prescribed for home-based therapy.

Tri-axial acceleration time-series were preprocessed and data features relevant to detecting GD and non-GD movements were extracted. It is worth emphasizing that the detection of GD movements relied only on the accelerometer data. This choice was motivated by the observation that accelerometers use significantly less power than gyroscopes (microwatts vs. milliwatts) and are therefore better suited for long-term, continuous monitoring. Also, prior studies support the feasibility of accurate assessment of upper-limb movements using accelerometer data [@ref19], [@ref37], [@ref38]

The orientation of the sensors was estimated by low-pass filtering the acceleration time-series with a cut-off frequency of 0.25 Hz. The orientation time-series was subtracted from the unfiltered signal to derive an approximation of the inertial component of the acceleration, which was again low-pass filtered with a cut-off frequency of 10 Hz to attenuate high-frequency noise. Velocity and displacement time-series were computed by trapezoid-integrating the acceleration data. After integration, the signals were high-pass filtered with a cut-off frequency of 0.25 Hz to attenuate the effect of integration drift. Next, we computed the magnitude (i.e., root mean square of the x, y, and z components) of the acceleration, velocity, displacement, and jerk vectors, as well as the inner products of each pair of acceleration signals (i.e., x-y, x-z, and y-z axes). We used the inner product as a lower computational cost surrogate for the Singular Value Decomposition (SVD) as previously proposed by Hong *et al.* [@ref39] in gesture classification. This resulted in a total of 19 time-series (i.e., jerk, accelerometer, velocity, and displacement for the three axes and their magnitude, and the x-y, x-z, and y-z axes inner products of the acceleration) to be processed to extract data features. The signals were segmented using a 2.5 s sliding window without any overlap. Each segment was annotated as either GD or non-GD.

Data features that we anticipated to be relevant to the detection of GD movements were extracted from each of the above-described time-series. The data features included the minimum, maximum, range, mean, standard deviation, root-mean-square values, and the number of zero crossings of the time-series. These data features have been used in prior work to classify different activities [@ref33], [@ref35], [@ref40]. We employed a feature selection algorithm -- the minimal-redundancy maximal-relevance algorithm [@ref41] -- to identify the data features that were most relevant to classifying GD vs. non-GD movements. This algorithm ranks data features based on maximum correlation with the movement categories (relevance) and minimum correlation with each other (redundancy). The top 15 data features were fed to the classification algorithm described below.

We trained a logistic regression classification model to distinguish GD from non-GD movements. The performance of the classifier was assessed using the leave-one-subject-out cross validation technique [@ref42]. This technique evaluates the performance of an algorithm by selecting the data belonging to each subject (one at the time) as the test set and by training the algorithm using the data belonging to the remaining subjects. This approach avoids problems of overfitting and provides fair estimations of the expected classification accuracy. The overall classification performance was evaluated based on the Area Under the Curve (AUC) of the Receiver Operating Characteristics (ROC) curve, which describes the tradeoff between sensitivity and specificity. The ROC AUC, which is also known as the $\documentclass[12pt]{minimal}
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\end{document}$-statistic ranges from 0.5 (unable to classify) to 1.0 (able to perfectly classify), where 0.8 represents a good classification ability.

### 2). Determination of Appropriate Exercise Feedback {#sec2d2}

[Fig. 3b](#fig3){ref-type="fig"} shows a schematic representation of the data analysis pipeline that we designed to generate appropriate feedback regarding the quality of rehabilitation exercise performance. To assess feasibility, this analysis was performed on data from the exercise that was prescribed to the largest number of participating stroke survivors, which was the arm raise in the sagittal and coronal planes. Eleven stroke survivors performed 98 trials of this exercise. 17 of these trials were labeled as *No Feedback* and 81 as *Feedback.* All 11 stroke survivors required feedback during at least one trial. In addition, 9 age-matched healthy controls performed a total of 54 trials of this exercise.

The analysis used both accelerometer and gyroscope data. This choice was made based on previous findings that gyroscope data can significantly contribute to the assessment of movement quality [@ref45]--[@ref46][@ref47][@ref48]. In the context of evaluating exercise quality, the high power consumption of the gyroscopes would have a minimal impact on the overall power performance of the system because the home-based exercises are performed over a relatively short period of time (e.g., less than an hour). The magnitude of the accelerometer and gyroscope data (rather than its components) was used to minimize the dependence on the initial orientation of the sensing unit. The algorithm consisted of a cascade of two modules. The first module focused on classifying if a dataset belonged to the *Control*, *No Feedback*, or *Feedback* category. The second module detected the appropriate type of feedback within the *Feedback* category.

The detection of the category of each exercise was formalized as a time-series classification problem because the rehabilitation exercises considered in this work involve a predetermined, simple movement that produced unique acceleration and gyroscope time-series patterns. This work employed the Nearest Neighbor (NN) algorithm with Dynamic Time Warping (DTW) for time-series classification. The NN-DTW algorithm with a sampling mechanism that effectively reduces the cardinality of the training set is known to allow accurate, fast, and computationally-efficient classification [@ref49]. This is optimal for resource-constrained devices such as our wrist-worn sensors. NN-DTW has been used in gesture recognition and clinical event detection [@ref37], [@ref50], [@ref51].

A preliminary analysis of the data showed that the accelerometer and gyroscope data in the *Control* cluster exhibited similar time-series patterns and formed a highly dense cluster; i.e., the mean $\documentclass[12pt]{minimal}
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\end{document}$ of the time-warped distances among the *Control* time-series were extremely small. The *Feedback* and *No Feedback* clusters surrounded the *Control* cluster. A dataset with such a pattern is known as a Japanese flag dataset [@ref49], [@ref52]. Based on this observation, the algorithm was designed with two steps. First, it checked if a time-series belonged to the *Control* cluster. Then, if the time-series was classified as *Non-Control*, the algorithm performed the conventional $\documentclass[12pt]{minimal}
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\end{document}$-NN algorithm between *No Feedback* and *Feedback* classes by comparing the number of NN instances belonging to the two classes.

Model training and performance evaluation was again performed using the leave-one-subject-out cross validation technique [@ref42]. The algorithm classified a testing time-series as *Control* (or belongs to the *Control* cluster) by verifying that 1) the majority of NN of the testing time-series contained instances from the *Control* cluster and 2) the distances between the testing time-series and its NN instances are small enough to ensure that the testing time-series is indeed located within the boundary of the *Control* cluster. First, the algorithm performed a DTW between the testing dataset and all time-series in the training dataset, and selected $\documentclass[12pt]{minimal}
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\end{document}$ (i.e., the boundary) of the training data. If such instances formed the majority of the NN instances, the testing time-series was classified as *Control*, otherwise as *Non-Control*.

If the testing time-series was classified as *Non-Control*, the algorithm then compared the number of NN instances belonging to the *No Feedback* and *Feedback* classes. Due to the imbalanced number of training instances in these two classes (i.e., the number of *Feedback* instances was three times greater than that of *No Feedback* instances in our dataset), the algorithm balanced the numbers of the *No Feedback* and *Feedback* instances in the NN instances using weights $\documentclass[12pt]{minimal}
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\end{document}$ represent the numbers of *No Feedback* and *Feedback* instances in the training set, respectively. These weights were defined based on a *sigmoid* function that took the number of instances of the corresponding class in the training set as its input. The input to the sigmoid function was normalized such that the values of the weights were inversely proportional to the number of the instances per class. The weights were defined as:$$\documentclass[12pt]{minimal}
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\end{document}$$ The testing time-series was classified according to a majority rule. If the testing time-series was classified as *Feedback*, a data feature-based classification algorithm was implemented to identify the type of feedback (i.e., related to lack of accuracy and/or presence of compensatory movement). The method to identify feedback type consisted of a data pre-processing module, a data feature extraction module, a data feature selection module, and a Random Forest algorithm to determine the feedback type.

The data pre-processing method discussed in [Section II-D.1](#sec2d1){ref-type="sec"} was employed to derive the magnitude of the linear jerk, linear acceleration, linear velocity, linear displacement, angular velocity, and angular displacement from the accelerometer and gyroscope time-series. Then we derived the following data features that reflected the speed, smoothness, and coordination of movement: 1) mean value, 2) root mean square value, 3) maximum and minimum amplitude, 4) skewness, 5) entropy, 6) kurtosis, 7) time it took to complete the movement and to reach the maximum amplitude, and 8) average DTW distance from the Control time-series in the training dataset. These features were previously found to be relevant to assessing movement quality [@ref33]--[@ref34][@ref35]. A correlation-based feature selection algorithm was used to select data features that were relevant to detecting feedback type [@ref53]. Then, a Random Forest with 100 trees was implemented as a binary classification model [@ref42] to identify the exercise feedback type, and a leave-one-subject-out cross validation was performed. Classification performance was evaluated based on precision and recall (i.e., sensitivity). Precision is the percentage of Feedback events detected by the algorithm that were really Feedback events (i.e., the therapists gave feedback for that trial). In other words, this is the percentage of Feedback events reported by the algorithm that are correct. Recall is the percentage of real Feedback events that were detected by the algorithm. In other words, this is the percentage chance that a trial necessitating feedback will be detected by the algorithm. Taken together, precision and recall are widely used measures to describe the overall performance of a classification algorithm. Overall performance was evaluated using the $\documentclass[12pt]{minimal}
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\end{document}$-score, which is the harmonic mean of precision and recall [@ref54]. Its value spans the range between 0 (no precision and recall) and 1 (perfect precision and recall).

III.. Results {#sec3}
=============

A.. Detection of Gd Movements {#sec3a}
-----------------------------

A total of 262 movements (220 GD and 42 non-GD) were collected from 10 control subjects, and 666 movements (367 GD and 299 non-GD) were collected from 20 stroke survivors. Segmenting the movements into 2.5 s windows produced 414 GD and 185 non-GD data points for the control subjects, and 2475 GD and 1325 non-GD data points for the stroke survivors.

[Fig. 4](#fig4){ref-type="fig"} shows the ROC curve based on the classification results generated by the logistic regression classifier using the leave-one-subject-out cross validation technique. The $\documentclass[12pt]{minimal}
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\end{document}$-statistic (ROC AUC) was 87.0%, thus indicating a strong classification ability. The operating point highlighted on the curve shown in [Fig. 4](#fig4){ref-type="fig"} is associated with a true positive rate of 79% and true negative rate of 78%. FIGURE 4.The ROC curve for the detection of GD movements. The area under the curve that indicates the predictive accuracy of the classifier was 87.0%. The highlighted operating point on the curve indicates a true positive rate of 79% and true negative rate of 78%.

B.. Determination of Exercise Feedback {#sec3b}
--------------------------------------

The exercise that was prescribed to the largest number of participating stroke survivors was the "arm raise in the sagittal and coronal planes" ([Table 2](#table2){ref-type="table"}). Eleven stroke survivors performed 98 trials of this exercise. 17 of these trials were labeled as *No Feedback* and 81 as *Feedback.* All 11 stroke survivors required feedback on at least one trial whereas only 3 stroke survivors performed a trial that did not require feedback. In addition, 9 age-matched healthy controls performed a total of 54 trials of this exercise.

[Fig. 5](#fig5){ref-type="fig"} shows confusion matrices for the first classification stage (i.e., detecting whether the performed exercise requires feedback). [Fig. 5a](#fig5){ref-type="fig"} shows the confusion matrix for classification of *Feedback*, where *No Feedback* and *Control* are grouped together. The precision and recall for detecting *Feedback* were 85.5% and 83.1%, respectively. This indicates that 85.5% of the movement instances that were classified as *Feedback* were true positives. Furthermore, 83.1% of the instances that were labelled as *Feedback* were successfully detected by the proposed analytic method. The computed $\documentclass[12pt]{minimal}
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\end{document}$-score (the harmonic mean of precision and recall) was 84.3%. [Fig. 5b](#fig5){ref-type="fig"} shows the confusion matrix considering all three classes (i.e., *Control*, *No Feedback*, and *Feedback*). The average precision and recall were 64.8% and 65.2% with an $\documentclass[12pt]{minimal}
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\end{document}$-score of 63.3%. FIGURE 5.Confusion matrices for the first-level time-series classification when considering a) two classes (*Control* or *No Feedback* vs. *Feedback*) and b) three classes (*Control*, *No Feedback*, *Feedback*).

Within the *Feedback* group, there were 83 data instances, of which 71 were true positives and 12 were false positives. [Fig. 6](#fig6){ref-type="fig"} shows confusion matrices for the second classification stage (i.e., determining the appropriate feedback type within these 83 data instances). [Fig. 6a](#fig6){ref-type="fig"} shows the confusion matrix for detecting *Accuracy* feedback. The precision and recall were 71.8% and 75.7%, respectively, with an $\documentclass[12pt]{minimal}
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\end{document}$-score of 73.7%. [Fig. 6b](#fig6){ref-type="fig"} shows the confusion matrix for detecting *Compensatory Movement* feedback. The precision and recall were 66.7% and 64.0%, respectively, with an $\documentclass[12pt]{minimal}
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\end{document}$-score of 65.3%. FIGURE 6.Confusion matrices for the second-level feature-based classifiers for detecting feedback regarding a) the accuracy of the movement and b) the use of compensatory movement. The $\documentclass[12pt]{minimal}
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\end{document}$-scores for the accuracy and compensatory movement feedbacks were 73.7% and 65.3%, respectively.

C.. Stakeholder Questioners {#sec3c}
---------------------------

[Fig. 7](#fig7){ref-type="fig"} shows a summary of the survey results obtained from stroke survivors regarding the use of the proposed wearable system. 76.5% of stroke survivors indicated their willingness to use the system and the reminders generated by the system during the day to encourage the use of the stroke-affected upper limb. 82.3% expressed confidence that the system would help increase the use of their stroke-affected upper limb. 88.2% indicated that they would use the system if recommended by their therapist. Results regarding the preferred method of receiving feedback were equivocal; 29.4% preferred a visual message, 11.8% preferred a sound, 23.5% preferred a vibration, and 35.3% preferred a combination of vibration and sound. FIGURE 7.Survey results obtained from stroke survivors regarding the translational feasibility for at-home rehabilitation.

[Fig. 8](#fig8){ref-type="fig"} shows a summary of the survey results obtained from the therapists. 91.7% of the therapists reported that they would be willing to use the system in their clinical practice. All therapists (100%) thought that the device would help encourage patients to perform home-based exercises. 61.5% reported that they would want to receive periodic email alerts about their patient's performance, and the rest (i.e., 38.5%) were undecided. All therapists (100%) expressed interest in a system that can provide patients with reminders throughout the day to encourage them to use their stroke-affected upper limb. FIGURE 8.Survey results obtained from therapists regarding the translational feasibility for at-home rehabilitation.

[Table 3](#table3){ref-type="table"} provides a summary of stakeholder preferences for different wristbands regarding their suitability for self-application to the wrist. The slap bracelet and Jawbone UP were preferred by both patients and therapists, whereas the FitBit Flex and Moov Now were not deemed appropriate.TABLE 3A Summary of Stakeholder Preferences for Wristband Mechanisms in Terms of its Ease-of-Use Under Limited Upper-Limb Functionality. The Numbers Represent the Percentage of Responders (i.e., Patients and Therapists) Who Preferred the Associated Donning/Doffing Mechanism for the Presented TechnologyFitbit FlexSlap BraceletPolar LoopMoov NowPatients5.9%52.9%11.8%0%Therapists0%61.5%23.1%0%Jawbone UpApple Milanese LoopPebble Time SteelVelcroPatients47.1%11.8%23.5%11.8%Therapists92.3%38.5%0%7.7%

IV.. Discussion and Conclusions {#sec4}
===============================

We have presented a novel technological approach that utilizes two wearable sensors (i.e., one worn on the stroke-affected upper limb and the other on the contralateral upper limb) for detecting GD movements during ADL and for determining appropriate feedback during in-home rehabilitation exercise (based on the sensor on the stroke-affected limb). Furthermore, we have demonstrated the feasibility of two algorithms that form the foundation of the system, with the eventual goal of providing timely reminders to encourage the use of the stroke-affected limb during ADL and appropriate feedback to promote high-quality home-based rehabilitation exercise. The presented results show that it is possible to detect GD movements during the performance of ADL with a $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$c$
\end{document}$-statistic of 87.0%, and incorrectly-performed home-based rehabilitation (arm raise) exercises with an $\documentclass[12pt]{minimal}
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\end{document}$-score of 84.3%. These results indicate that movements can be successfully classified into either GD or non-GD movements with a predictive accuracy of 87.0%, and the incorrectly-performed exercise movements with an accuracy of 84.3%, thus enabling the generation of appropriate feedback.

Reminder-based approaches to ADL modification should provide timely feedback. In our case, this means providing a reminder to use (or attempt to use) the stroke-affected limb at the time of a movement with the contralateral limb. Such approaches must also provide relevant feedback and avoid alarm fatigue. In our case, this means not providing feedback every time a contralateral limb movement is detected. Instead, we propose to trigger feedback at the time a GD movement is detected based on the relative usage of the affected compared to the contralateral limb. For example, if the patient consistently performs GD movements with the contralateral upper limb, and rarely uses the stroke-affected upper limb, then a reminder is triggered. On the other hand, if the patient has been making an effort to use the stroke-affected limb throughout the day then they will not receive a reminder when a unilateral GD movement is performed with the contralateral limb.

Detecting GD movements is, therefore, an important aspect of the presented approach. We focused on detecting GD movements of the non-affected upper limb in stroke survivors. To accurately monitor the relative usage of the stroke-affected and contralateral upper limbs it is also necessary to detect GD movements of the stroke-affected limb; otherwise patients could simply game the system by performing non-GD (e.g., passive arm swing) movements with stroke-affected limb. Future studies should examine GD movements performed by the stoke-affected upper limb and develop an algorithm that can determine the optimal ratio between the relative usage of the two limbs. We hypothesize that different algorithms may be needed for patients with different functional abilities. To our knowledge, this is the first time that an algorithm has been developed to detect GD movements. Future applications of this technique will expand upon prior work that has explored the use of the stroke-affected and contralateral upper limbs in stroke survivors [@ref13], [@ref55]--[@ref56][@ref57].

The presented algorithm for detecting the type of feedback appropriate for a given exercise extends our prior work using wearable sensor data to derive clinically-meaningful indicators of functional level and the severity of motor impairments in stroke survivors [@ref33]--[@ref34][@ref35]. In the present study, and our prior work, a wide range of data features were selected from the acceleration, velocity, displacement, and angular velocity time-series to achieve reliable detection. This highlights the importance of using both accelerometers and gyroscopes when monitoring movement quality.

There were 17 *No Feedback* instances, twelve of which were misclassified as *Feedback* (i.e., the false positives in [Fig. 5a](#fig5){ref-type="fig"}). Interestingly, these 17 instances were associated with only three stroke survivors, and two of these three stroke survivors performed movements requiring both *Feedback* and *No Feedback* during a total of 10 repetitions of the exercise. This suggests that their movements were positioned on the "therapist's decision boundary" for determining *Feedback* and *No Feedback*, making the classification especially challenging. On the other hand, 8 out of the 10 false negatives were generated by a single subject, which suggests that the movement patterns of that specific subject were similar to a particular set of *No Feedback* data in the training set. We argue that the primary cause of these misclassifications was the relatively small dataset available for analyses. To lessen the potential bias caused by the small data size, we performed the same analysis using a 10-fold cross validation instead of a leave-one-subject-out cross validation. This resulted in an $\documentclass[12pt]{minimal}
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\end{document}$-score of 95.1% with only four false positives and four false negatives. These results suggest that a larger sample size would likely address the shortcomings of the classifier developed in this preliminary study.

There are several limitations of the study that deserve consideration. We did not consider movements that were both GD and non-GD in nature, nor did we handle cases where a GD movement and a non-GD movement occurred in the same 2.5s window of time. This important analysis is left for future work. The sample size was relatively small (i.e., 20 stroke survivors and 10 healthy controls) and thus the reported results may not be generalized to the target patient population of chronic stroke survivors with mild-to-moderate upper-limb motor impairments. The limited sample size also restricted the number of rehabilitation exercises that were prescribed by a therapist to the stroke survivors who participated in the study. Consequently, data analyses were performed on the exercise that was prescribed to the largest number of stroke survivors, which was the "arm raise in the sagittal and coronal planes". Therefore, the reported results for detecting feedback regarding the quality of rehabilitation exercise performance may not be applicable to other types of exercise movements. In an ongoing clinical study, we are collecting data from a larger patient population performing a variety of rehabilitation exercises. This dataset will allow us to assess the applicability of the proposed algorithms to other exercise movements. Future work to translate the research findings herein reported into clinical practice will require the deployment of the proposed system in the home setting and a rigorous evaluation of its robustness, usability and clinical effectiveness.

The envisioned technological approach could have a profound impact on stroke rehabilitation by extending rehabilitation interventions to the home. The results of the focus groups presented here indicate that both stroke survivors and therapists are amenable to the usage of such a technology. The proposed system would be especially useful in cases where high-dosage therapy is not feasible due to limited access to therapy programs. Patients with mild-to-moderate upper-limb impairments would be the ideal candidates for such a technology because they are able to engage in a wide range of ADL and rehabilitation exercises in the home environment.

We envision that the proposed system would be used first in an inpatient setting as an adjunct to standard therapy hours, which would allow patients to familiarize with the system and clinicians to choose optimal system settings on an individual basis (e.g., the reminder/feedback modality, the minimum time duration between feedback instances, and the threshold value to be applied to the relative usage of the two limbs to determine when feedback should be delivered). It would then be used in the outpatient setting to enable rehabilitation in home and community settings. The proposed technology could also be leveraged to assess stroke survivors' responses to prescribed rehabilitation interventions. An accurate measure of limb use in the home environment would provide valuable information about a patient's ability to translate the motor skills they acquired during therapy sessions to real life situations. This would allow therapists to closely monitor the motor recovery process and develop individualized therapy plans to maximize a patient's ability to perform ADL and live independently, which is the ultimate goal of rehabilitation.
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[^1]: Task taken from the Wolf Motor Function test [@ref3].

[^2]: Subjects were asked to pick up a comb and brush their hair from the front to the back of the head.

[^3]: The box used in this exercise was $\documentclass[12pt]{minimal}
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    }{}$30 \times 40 \times 20$
    \end{document}$ cm and was unloaded.

[^4]: A 0.51 L water bottle with a standard rotational cap was used.

[^5]: A Rubbermaid food container was used.

[^6]: Playdough was used to mimic a piece of meat, which was placed at the center of a plate. Subjects were asked to use a fork with the affected hand and a knife with the contralateral hand.

[^7]: Objects were placed above shoulder height.

[^8]: Subjects were asked to use a whisker in a medium-sized saucepan using the affected hand.

[^9]: Subjects were asked to reach the lower back with the affected hand.

[^10]: Subjects were asked to perform full-range pro-simulation movements of the forearm.
